Normal 
Introduction
In the middle of the 19th century, a German physician named Carl Reinhold August Wunderlich embarked on a project to characterize normal human body temperature 1 . This massive effort is thought to have included some 25,000 subjects and a million temperature measurements. It established 98.6°F (37.0°C) as 'normal' human body temperature and 100.4°F (38.0°C) as the upper limit of normal 'fever' 1, 2 . There has never been an equivalent large scale evaluation of 'what is a fever' in settings of physiological perturbation, such as the postoperative setting. Using a health record in which all temperature measurements are recorded electronically, the Wunderlich Project was initiated at NorthShore University HealthSystem to characterize temperature expectations in such non-normal settings. In this paper, we apply a semi-parametric, group-based developmental trajectory analysis method using data on a cohort of patients over a six year period who had elective knee arthroplasty and were discharged within 5 days, with the objective of delineating the distinct trajectories of temperature development in the population and profiling their membership to facilitate risk prediction of elevated temperatures and poor outcomes.
Background
Fever is typically associated with infection, however, a postoperative fever, as defined by a body temperature ≥ 100.4°F (38°C) may be a normal physiologic response 3, 4 . In fact, postoperative fever is a relatively common occurrence after surgery with an incidence between 10% -40% 5, 6, 7 . While most of these elevated temperatures are thought to be non-infectious and related to the underlying physiologic perturbation of surgery, they often provoke healthcare providers to work patients up for infections or noninfectious complications. These workups are invasive, costly and have been shown to be low yield 8 . Determining normal postoperative temperature may therefore be able to assist providers in better distinguishing patients at risk of postoperative complications.
To address this question, investigators at NorthShore have previously derived a web-based tool entitled Wunderlich, which can be found at the following website: http://fad.northshore.org/wunderlich/. In this web tool, more than 17,000 patients who underwent 11 common surgeries (cardiovascular surgery, vascular surgery, hip and knee replacement, laparascopic cholecystectomy, colectomy, hysterectomy, craniotomy, prostatectomy, multilevel spinal surgery and posterior spinal fusion) were identified. Next, the maximum oral temperature on each postoperative day, T max , as well as pertinent surgical, demographic and clinical data, was identified for each patient. A multivariable model was constructed for each postoperative day after each procedure. These multivariable models were used to generate a T max 'prediction' that is specific to a patient, a procedure, and a postoperative day. The website allows providers to enter basic clinical data into the web based tool and see how their patient's temperature compares to that of similar patients undergoing the same procedure on the same postoperative day. For example, if a patient's T max percentile is 95, that patient's temperature is higher than those of 95% of clinically similar patients undergoing the same procedure on the same postoperative day. In our current study, we would like to further optimize these initial models to improve our characterization of a normal postoperative temperature and identify subgroups of the patient population that follow similar patterns of temperature development. To the best of our knowledge, there are no similar studies that are modeling postoperative temperatures to determine 'normal temperature' in this setting. Hence, other than some data showing that a temperature in the first 48 hours most likely represents a benign phenomenon but results in many costly workups that are not effective, we believe that the approach described in this study is fairly novel.
Methods

Basic Trajectory Analysis
A developmental trajectory describes the course of an outcome over age or time 9 . In this research, we apply a method called group-based trajectory modeling (GBTM) to study the developmental course of patient temperatures in the postoperative setting. Longitudinal data-data with a time-based dimension-provide the empirical foundation for the analysis of developmental trajectories. In contrast to hierarchical modeling and latent curve analysis 10 , GBTM is designed to identify clusters of individuals following possibly distinctive trajectories of an outcome of interest. The two primary outputs of the model are the shape of the trajectory for each group which may differ not only in their level but also in the direction and rate of their movement (e.g., one may be rising quickly and another declining slowly) and the size of the group as measured by the proportion of population under study following the trajectory. The method has been widely applied not only in the social and behavioral sciences to study phenomenon such as technology adoption in healthcare 11 and crime 9 but also in clinical settings to study the developmental course of symptoms of conduct disorder, schizophrenia, obesity, levels of disability in the elderly 12 and disease progression 13 . GBTM is an application of finite mixture modeling 9 . The fundamental concept of interest is the distribution of outcomes conditional on a time-related metric such as time from the onset of treatment; that is, the distribution of outcome trajectories is denoted by 
where π j is the probability of membership in group j, and the conditional distribution of Y i given membership in j is indexed by the unknown parameter vector β j, which among other things determines the shape of the group-specific trajectory. Typically, the trajectory is modeled using a polynomial function of the time-related metric. For given j, conditional independence is assumed for the sequential realizations of the elements of Y i , y it , over the T periods of measurement. Thus, we may write
where p(.) is the distribution of y it conditional on membership in group j and the z it . Canned software for the estimation of GBTM allows for the specification of p(.) as the normal or censored normal distribution, the zero-inflated Poisson distribution, or the binary logit distribution but in general there is no restriction on the form of p(.) 14, 15 . We can further identify the predictors of the trajectories using a rich set of the baseline characteristics that are measured at the outset of the study period. The method handles missing data, specifies j π as a multinomial logit function of baseline characteristics included in Z i. This provides us with the capacity to examine whether and how such baseline characteristics influence the probability of an individual following the various baseline trajectories 9 . Whether patient was intubated and start and end times patient was on ventilator The raw data included 6,392 unique patients with 136,996 temperature measurements across their inpatient stay, 125,370 medications administered, and 745 cases of blood transfusions. Data preprocessing resulted in almost 600 patients being excluded from the modeling, including patients with missing past medical history, those with missing or conflicting surgery start and stop times, and those patients with microbiologic cultures collected prior to the end of surgery during the index surgical hospitalization. Thus, 5,793 patients were identified and the maximum temperature at 4-hour intervals for each patient for each postoperative day up to 5 days was calculated, reducing the concern about overrepresentation of extreme values. This work was approved by the NorthShore University HealthSystem Institutional Review Board. Descriptive summaries of key variables, trajectory analysis of temperature measurements using a censored normal distribution with important baseline characteristics such as age, gender, body mass index (BMI), whether the patient had diabetes or hypertension (HTN), and the actual procedure time (PTmins), and logit outcome analysis evaluating the proportion of patients who had a length of stay (LOS) greater than 3 days (18 time periods) was conducted. Figure 1 . Model Solution using SAS 13 Figure 1 depicts a summary of the solution procedure that embeds the trajectory modeling software in both its SAS and Stata versions with the data management and output analysis tasks. Once the data is prepared, the user specifies parameters of the model that allow evaluation of the best fit model for different counts of trajectories, polynomial functions and an appropriate data distribution (censored normal in this study), and executes the SAS procedure using SAS PROC Traj or the Stata plugin version. This procedure builds a mixture model for the trajectories, in which each trajectory has its own regression model 9 . The outputs of the model include trajectories that can be expressed as polynomial functions and probabilities of each individual being in each trajectory. The trajectory membership for each individual is decided by the individual's highest posterior probability of group membership.
Data
Model Solution
One of the key decision points in group-based modeling is a determination of the number of groups that best represents the heterogeneity in the developmental trajectories of the population. For the T max measurement studied, models of minimum 3 trajectories and maximum 6 trajectories were built and their results compared. Model selection is based on the Bayesian Information Criterion (BIC) that determines the number of trajectory groups as well as the order of the polynomials for each trajectory group 9 . Normally, the model with maximum BIC is considered a better model. However, another practical criterion is to add a trajectory group only when it represents a distinct new segment of the population whose risk stratification is important from a clinical perspective. 
Results
Descriptive Summary
5,793 patients' postoperative temperature curves were evaluated. Three hundred sixty six (6.5%), 372 (6.7%), 225 (4.4%) and 30 (4.3%) patients had a T max ≥ 100.4°F on postoperative days 0, 1, 2 and 3, respectively (patients censored on discharge), and 18.34 temperature readings, on average, in comparison to 16 readings for patients with T max <. 100.4°F during the 72 hours after surgery. Two-thirds of the population was female (3,817), average age 68.5 years, average BMI 30.86, almost 14% had a diagnosis of diabetes, 54% had a diagnosis of hypertension (HTN), and average procedure time (length of surgery) was almost 2 hours.
Trajectory Analysis
Using a censored normal distribution, we determined trajectories of patients' maximum temperatures (Figure 2) . Four distinct trajectory clusters with increasing average T max profiles were identified. 27.3% of the patients displayed group membership to trajectory 1 (red) and minimal increase in T max over 3 days of inpatient stay. 53.9% were assigned to trajectory 2 (green), 16 .3% belonged to trajectory 3 (blue), and 2.5% to trajectory 4 (black) with highest T max elevation. Table 1 shows that less than 1% of Group 1 recorded T max ≥ 100.4°F, and only 12.2% stayed more than 3 days, whereas 8.4% recorded T max ≥ 100.4°F in Group 2, with more than 14% staying more than 3 days. Similarly, more than 51% recorded T max ≥ 100.4°F in Group 3 and almost 20% stayed more than 3 days, while Group 4, though very small, had T max for most of the patients at ≥ 100.4°F and a significant 40% were hospitalized for more than 3 days, likely due to elevated temperatures leading to potential complications. Table 2 
Outcome Analysis
Outcome analysis was performed using logit models to look at the proportion of patients with a LOS greater than 3 days. In this analysis, as you moved from the lower temperature Group 1 to the higher temperature Group 4, the proportion of the population staying past 3 days tended to increase. 
Discussion
Group based trajectory modeling was performed to characterize normal postoperative temperature over time. In this modeling strategy we found 4 distinct T max temperature trajectories after elective knee replacement surgery. These temperature trajectories represent similar progression of maximum temperature mapping over four-hour time intervals. In these preliminary results, we found that the vast majority of patients belonged to the first 3 groups with only 2.5% of patients' displaying group membership to the fourth and highest T max trajectory.
Age and BMI were significant covariates in all clusters with younger and high BMI patients tending to have membership in higher groups with overall higher T max trajectories. The phenomenon of immune senescence or the gradual deterioration of the immune system and the inflammatory response is well described in older patients. Younger patients with their more robust immune systems and more significant inflammatory responses tend to have higher temperatures from the trauma of surgery resulting in membership in higher trajectories. Patients with higher BMI have been shown to have an increased incidence of postoperative fever and wound infection than non-obese patients undergoing hysterectomy 16 . It may be that the greater tissue damage in obese patients results in release of elevated levels of inflammatory mediators that generate a higher temperature and therefore result in a higher temperature trajectory.
As expected, groups with higher temperature trajectories tended to have greater proportion of patients that had LOS greater than 3 days. This may be because providers performed increased numbers of fever workups and because of a hesitation on the provider's part to discharge patients that may be perceived to have a higher complication risk. Ongoing work will evaluate the trajectories for patients' entire duration of inpatient stay, analyze complication rates for each of the four trajectories to determine whether patients with higher temperature trajectories or patients that deviate from a given trajectory are more likely to have a postoperative complication, and report performance metrics for group membership prediction using established metrics such as AUC and PPV. In addition, we are interested in evaluating how time dependent covariates such as antipyretic administration or blood transfusion affect probability of group membership and trajectory mapping.
Conclusion
An isolated fever in the postoperative setting is a common finding, may be a normal physiologic response and therefore may offer no guidance as to whether a patient is at risk for an adverse event. Patients may display different temperature trajectories in the postoperative setting. This research serves as a necessary first step towards better determination of which patients should and should not be 'worked up' for complications of surgery. At present, 'misclassification' errors are common; most 'fever workups' are negative, but at the same time, we also commonly miss complications in patients who would have benefited from a prompt workup. A next step will be to correlate trajectory-based grouping with clinical outcomes.
